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Abstract: FreshWater Watch is a global citizen science project that seeks to advance the understanding and stew-
ardship of freshwater ecosystems across the globe through analysis of their physical and chemical properties by
volunteers. To date, literature concerning citizen science has mainly focused on its potential to generate unprec-
edented volumes of data. In this paper, we focus instead on the data relating to the volunteer experience and ask
key questions about volunteer engagement with the project. For example, we ask what factors influence: a) volun-
teer data submission following a training event and b) the number of water quality samples volunteers subsequently
submit. We used a binomial model to identify the factors that influence the retention of volunteers after training. In
addition, we used a generalized linear model (GLM) to examine the factors that affected the number of samples
each citizen scientist submitted. In line with other citizen science projects, most people trained did not submit
any data, and 1% of participants contributed 47% of the data. We found that the statistically significant factors as-
sociated with submission of data after training were: whether training was given on how to upload data, the number
of volunteers that attended the training, whether the volunteer was assigned to a research team, the outside tem-
perature, and the average engagement of others in the training group. The statistically significant factors associated
with the quantity of data submitted were: the length of time volunteers were active in the project, whether training
took place as part of a paid work day, the difficulty of the sampling procedure, how socially involved volunteers were
in the project, average sampling group size, and engagement with online learning modules. Based on our results, we
suggest that intrinsic motivation may be important for predicting volunteer retention after training and the number
of samples collected subsequently. We suggest that, to maximize the contribution of citizen science to our under-
standing of the world around us, there is an urgent need to better understand the factors that drive volunteer re-
tention and engagement.
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Citizen science brings together scientists and volunteers,
who then collaborate to generate knowledge about real-
world issues (Bonney et al. 2009). The ability of citizen sci-
ence to generate data that contribute to our understanding
of the environment over broad temporal and spatial scales
that transcend national (North American Lake Manage-
ment Society 2017), cultural (Braschler 2009), and in the
case of Zooniverse, planetary (Raddick et al. 2013) bound-
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aries is now widely recognized (Silvertown 2009, Thornhill
et al. 2016). However, the social elements that drive partici-
pation, andunderpin theseprojects, remainrelativelyunder-
explored (Geoghegan et al. 2016). A review of 888 papers
including the term ‘citizen science’ in 2015 found that only
3% covered motivations of participants (Follett and Strezov
2015). Since then, more studies have explored motivations
of participants, usually through questionnaires. These stud-
ies have found that some of the important motivators are
a desire to contribute to science, to help the environment
(e.g., Hobbs and White 2012, Raddick et al. 2013, Alender
2016, Domroese and Johnson 2017), or to learn (e.g., Dom-
roese and Johnson 2017). In addition, some studies (such as
Domroese and Johnson 2017) have found that social fac-
tors, such as a desire to participate with family or friends,
are much less important motivators for most participants.
Some of the factors associated with sustained participation,
aside from ensuring motivations are met, include giving
timely feedback, good communication, providing opportu-
nities for social interaction, and rewarding participants
(West andPateman 2016). As the involvement of volunteers
in traditional scientific pursuits becomes more common-
place, it is imperative that the social factors that encourage
continued participation are better understood. This under-
standing will lead to longer-term and more fulfilling volun-
teer engagement with science (Wright et al. 2015), as well as
higher quality datasets.
FreshWater Watch (FWW) is a citizen science project
that was established in 2012 as part of theHSBCBank’sWa-
ter Program (HWP). The goal of FWW is to identify causes
behind the loss of freshwater quality and to promote fresh-
water sustainability (HSBC 2016). Within the HWP, the
Earthwatch Institute and their partners trained more than
8000 volunteers to use standardized water quality methods,
with additional information collected depending on the lo-
cally important research question (Fig. 1). This global-local
approach has resulted in a suite of published research (e.g.,
Castilla et al. 2015, Cunha et al. 2016, Loiselle et al. 2017)
and local impacts such as the identification of point pollu-
tion sources andcontributions tomanagementplans (Earth-
watch Institute 2017). However, as with many other citizen
science projects, few attempts have been made to consider
the factors that affect volunteer participation.
The supply of freshwater is widely recognized as an eco-
system service crucial to human existence, but freshwater
systems are among themost degraded ecosystems on earth,
principally becauseof humanactivities (Dudgeonet al. 2006,
Vörösmarty et al. 2010). The need to protect, maintain, and
enhance the provision and quality of freshwater is widely ac-
knowledged (MilleniumEcosystemAssessment 2005, Griggs
et al. 2013). Further, it is likely that the dominant pressures
facing freshwater today will intensify rather than diminish,
given the combined effects of population growth and cli-
mate change.
Our understanding of the global extent of water quality
deterioration is limited by a lack of freely available data, an
absence of standardized sampling techniques, and inconsis-
tentmonitoring across spatial and temporal scales (Revenga
et al. 2005), even though water quality monitoring at the re-
gional scale can be intensive. At present, water quality data
produced by citizen science programs have been recom-
mended as a complement to nutrient data collected by gov-
ernments across London, UK (Hadj-Hammou et al. 2017)
and for assessing post-ecological restoration success (Hud-
dart et al. 2016, Yardi et al. 2019 this issue), suggesting that
citizen science could be part of a solution to the globalmon-
itoring challenge. However, an understanding of which fac-
torsdriveengagementordisengagementwithcitizenscience
Figure 1. Schematic of the FreshWater Watch project for engagement and scientific data collection.
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projects is needed so that projects can develop effective en-
gagement strategies that maximize participation (Geoghe-
gan et al. 2016).
Important and under-studied questions about volun-
teers include: howdo people engagewith a project over time
and what influences their participation? These questions
are important because recruiting volunteers and training
them is often time-consuming and expensive (West and
Pateman 2016). Maintaining volunteer engagement in cit-
izen science initiatives is known to be challenging because
retention is often low and the majority of data is typically
generated by few participants (Worthington et al. 2012,
Lakeman-Fraser et al. 2016). We, therefore, used FWWen-
gagement data to identify which factors predict: a) whether
people went on to submit records post training, and b) their
subsequent sampling effort.We include factors specific to the
training, the sampling protocol, social interaction through
the FWW online platform, and the nature of the sampled
environments. This level of detail is unusual, because access
to such information generated by citizen science projects is
rarely accessible (West et al. 2016).
METHODS
We used data on the participation of 7413 FWW citizen
scientists from 13 countries who were trained to participate
in theHWP. Participants used a standardized FWWmethod
with the addition of 1 of 25 protocols that varied in the tech-
nologies used, site selection procedures, sampling regular-
ity, and degree of coordination (see Loiselle et al. 2016 and
Thornhill et al. 2018 for further details). Participants were
recruited through an internal promotion campaign within
theHSBCbank.We focused onparticipantswhowere trained
between 10 September 2012 and 29 November 2016, with
the 1st sample submitted 14 November 2012 and the last
on 25 May 2017. Consequently, all study participants had
the opportunity to take part in FWW for at least 6 months
after their initial training. We included sampling period in
our model of participant contribution because of the vari-
ation in time that volunteers spent in the project. Staffmem-
bers and principal investigators were removed from the
dataset to avoid sampling bias, and because our interest was
in the volunteers. A range of explanatory variables was used
in the model of participant retention and participant data
contribution (see below). We selected these variables from
a limited set of data available from across all FWW sites
globally and included variables that describe the types of
support given during training, social factors, sampling con-
text (e.g., water quality anddifficulty), andothers.The coun-
try in which sampling and training took place was not in-
cluded in the model due to high covariance with a number
of other variables that were specific to the locally important
question being investigated. All analyses were done in R
(version 3.3.2; R Project for Statistical Computing, Vienna,
Austria) and we used the package effects to visualize model
coefficients (Fox 2003, Fox and Hong 2009). This study was
developed during the Freshwater and Citizen Science Re-
search Hackathon, Oxford (25th to 27th May 2017). The
hackathon (or ResearchDerby) is an intensive, collaborative
event, during which all attendees provided critique and re-
finement to a range of research ideas based around a theme
(Favaro et al. 2013).
Training factors that correlate with participant
retention
Prior to gathering and submitting data, all FWW partic-
ipants took part in a 1-d training event (406 training events
in total), which included introductions to key ecosystem
concepts and freshwater issues, as well as practical sessions
that demonstrated how to follow the chosen sampling pro-
tocol. Social factors, such as the number of people at each
training session, varied among locations. We assessed which
factors predicted whether training participants moved from
trainee to active sampler (i.e., a participant who submits a
sample to FWW) with a binomial model where the suc-
cessful transition (from trainee to sampler) was the binary
response variable. We selected explanatory variables that
characterized the amount of support and training provided
on training day, the engagement of the other attendees, and
the weather on training day. Thus, we included the vari-
ables: transport provision to the training day (Transport
Provided ), training to upload data to the FWW platform
(Upload training), the number of attendees on the training
day (Attendees), whether the training was on a paid work
day (Work Day), whether the participant was assigned to a
research team (Team), average air temperature on the train-
ing day (Temp), and average rainfall (Rainfall) on the train-
ing day (Kemp et al. 2012; see Table S1). We also included
the average (mean) number of points subsequently earned
on the FWW platform by the training day participants
(Team points). This variable related to the gamified aspect
of the FWW platform where participants gained points
(0–50 per activity) through sampling, blogging, completion
of learning modules, and presenting to external audiences.
Points could differ for each activity depending on special
events or promotions (e.g., taking part in a water blitz).
We tested explanatory variables for collinearity, and
some correlations were found (max r 5 0.52), but these
were unimportant according to variance inflation factors
calculated after the analysis (Fox and Weisberg 2011). All
covariates were, therefore, included in our model. The var-
iable Team points was natural log-transformed to lessen
the effect of 3 outliers with very large values. No other var-
iable was transformed.
Factors that correlate with participant contribution
to data collection
We used the subset of volunteers who uploaded ≥1 wa-
ter quality sample (n 5 1510) to identify factors that pre-
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dict the amount of data a volunteer will submit. Here, the
response variable was the natural log of the number of sam-
ples submitted. For this model, we chose explanatory vari-
ables that characterized the level of engagement with the
project outside of sampling, the attractiveness of the site
in terms of water quality, and elements of the training re-
ceived. In particular, we included the variables: the number
of days elapsed between training and last sample date (Sam-
pling period ) to account for variation attributable to the
time involved in the project. The other variables considered
were: (Work day, as above), the median number of people
recordedas takingpart in each sample (Attendees), thenum-
ber of learning modules completed on the FWW platform
(Learning), observed water quality related to the presence
of point discharges andwater discoloration (e.g., brownwa-
ter or algal blooms) (WQO), water quality related to catch-
ment intensification (e.g., cropland or impermeable sur-
faces; Latham et al. 2014) (WQC), and measured nutrient
status (WQM). In addition to these variables, we added
2 metrics that were derived from 2 sets of variables. First,
we created a score based upon the difficulty of the local sam-
pling protocol (Difficulty). This metric used axis scores from
a principal component analysis (PCA) on the time required
to complete sampling, equipment bulkiness, the equipment
complexity, and the amount of processing needed (e.g.,
writing labels, posting samples, etc.). These variables are
highly correlated, and as a result the 1st PCA axis accounted
for 94% of the variation. The 2nd composite metric was a
communication category based on the participants’ social
interactions on the FWWplatform (Communication). This
metric captures the involvement of a participant in social
elements of the project and is the sumof blogswritten, com-
mentsmadeonblogs or forums, invitations sent towork col-
leagues to get involved, the number of shares via socialmedia,
and presentations made to non-FWW audiences. To ac-
count for the amount of time a participant had been in-
volvedwith the project, each component ofCommunication
was converted to a weekly rate and normalized between 0
and 1, before all components were summed to get the total
communicationscore.Theresultingmetric ishighly skewed,
so the score was used to place participants into 3 categories
(see Table S1). We then used a GLM to test the effects of
these covariates on the natural log number of samples col-
lected. Based on examination of residual plots, the use of the
natural log number of samples resulted in a better model fit
than when we fit the non-transformed data to Poisson or
negative binomial models.
RESULTS
Approximately ⅔ of all FWW participants were trained
as part of 25 local HWP projects between September 2012
and May 2017. Over 20% (1510) of the 7413 participants
contributed at least 1 sample, whereas more than ½ (57.9%)
engaged in some way with the FWW platform (e.g., by
blogging or completing quizzes). Just 3 (<1%) of all training
events (n 5 406) resulted in no further participation,
either through interactions with the platform or taking
samples. Sixty-five super-users each submitted more than
20 samples. Taking 20 samples is equivalent to sampling
5 sites on a quarterly basis for 1 y or sampling 1 site quar-
terly for 5 y. The top 1% of contributors collected 47% of the
samples, which reflects the long tail observed in the number
of samples contributed per user (Fig. 2).
Training factors that correlate with
participant retention
Of the variables included in the binomial model to pre-
dict volunteer transition from trainee to sampler (Table 1,
Fig. 3A–E), 5 were significant. However, the model ex-
plained a small amount of the overall deviance (10%), so
there are almost certainly other important drivers of partic-
ipant retention, whichwe did not record. The retention rate
was positively associated with participants receiving train-
ing to upload data (Upload training, Fig. 3A), assigning par-
ticipants to a research team for the sampling (Team, Fig. 3B),
and with the average number of points scored by fellow
training day participants (Team points; Fig. 3E). Negative
associations included the number of people that attended
the training event (Attendees, Fig. 3C) and the temperature
(i.e., transition success declined with increasing tempera-
ture; Temp, Fig. 3D). Removing outliers with high values of
Team points did not affect the results.
Factors that correlate with participant contribution
to data collection
After removingpeoplewhosubmittednodata after train-
ing, we looked for covariates that explained variation in the
number of samples collected by 1510 FWW participants.
We found 6 statistically significant variables (Work day,
Communication, Sampling period, Attendees,Difficulty, and
Learning) based on the general linear model (Table 2,
Figure 2. Frequency distribution of the number of samples
collected by FreshWater Watch participants (n 5 1510).
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Fig. 4A–F). Participants submitted more samples if they
were involved in the project for longer, undertook more
difficult sampling, communicated more online about the
project, orcompletedmore learningmodulesonFWW.Par-
ticipants submitted fewer samples if they attended a paid
training day (rather than attending on their own time), and
if they went sampling in larger groups. However, the model
explained a small amount of the overall deviance (15%).
DISCUSSION
Volunteer retention
Our statistical model of participant retention indicates
that volunteer involvement depends on aspects of the train-
ing received and the extent of project management and co-
ordination. Practical elements of training, such as receiving
hands-on training on uploading data or being assigned to a
research team, lowered the barriers to ongoing involvement
Table 1. Results of an analysis of factors associated with participant retention after training
events in the FreshWater Watch project. The 5 significant variables are in bold; SE 5 standard
error; Temp 5 temperature.
Variable Estimate SE z-value Pr(>FzF)
(Intercept) 20.564 0.145 23.88 <0.001
Work day 0.086 0.099 0.87 0.38
Transport provided 20.089 0.081 21.10 0.27
Upload training 0.638 0.075 8.45 <0.001
Attendees 20.032 0.005 26.87 <0.001
Team points 0.335 0.017 20.30 <0.001
Team 1.282 0.109 11.81 <0.001
Temp 20.021 0.005 24.10 <0.001
Rain 20.14007 0.104687 21.34 0.18
Figure 3. Response plots of significant associations between covariates and the probability of participant retention post-training:
Upload training (A), Team (B), Attendees (C), Temp (D), and Team points (E). Estimates are given with 95% confidence intervals. Rug
identifies distribution of data.
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in the project and led to greater volunteer retention. Being
part of a small training group also led to greater volunteer
retention.Thepositive influence ofworking as part of a team
that we observed here reflects the success realized through
the practice of Team Based Learning (TBL; Parmelee and
Michaelsen 2010). Within FWW, the structured, interac-
tive, and outcome-oriented design of the training day fits
recommendations for the successful implementation of TBL
(Parmelee and Michaelsen 2010), which could be under-
mined where, for example, group sizes exceed single figures
(Michaelsen et al. 2004, Willett et al. 2011). In addition, the
result we found here, that there is a positive effect of gaining
a full hands-on experience that includes both FWW sam-
pling practice (delivered as standard) as well as data upload,
agreeswitha studyofvolunteerparticipation in theMonarch
Larva Monitoring Project that suggested hands-on practice
is probably the optimum way to develop accurate data col-
lection strategies (Oberhauser and Prysby 2008). Similarly,
Krasny and Bonney (2005) identify a number of case studies
that employ hands-on approaches to enrich environmental
education.
Being a member of a training group whose members
went on to bemore active in the FWWproject also predicted
higher retention. This association may have emerged if
training with engaged peers leads to others becoming more
engaged (Alender 2016, Laut et al. 2017). Alternatively, peo-
ple predisposed to engage with the project because of their
personal motivations may have been more likely to attend
training events with like-minded people. The positive influ-
ence of peers suggests the possibility of a shift to a more
sustainable form of citizen science that would require less
top-down coordination and instill greater ownership of
the project in its participants (Wildschut 2017).
The negative effect of increasing temperature requires
furtheranalysisbutcouldbedrivenbythe fewtrainingevents
carried out at very low temperature (see data distribution in-
dicated by the ‘rug’; Fig. 3D). Trainees that attend events in
spite of adverse conditions may be more intrinsically moti-
vated and may form stronger team bonds.
Participant contributions
The factors that were correlatedwith the number of sam-
ples a participant submitted suggest that intrinsic motiva-
tion or personal ideology may be important. Intrinsic moti-
vations are internal personal rewards, such as a desire to aid
in conserving wildlife, or the enjoyment gained from engag-
ingwith science (Geoghegan et al. 2016). Peoplewhounder-
took more difficult sampling, attended a training event on
their own time (i.e., at a weekend), and sampled in small
groupsweremore likely to submit large numbers of samples
and, therefore, were probably intrinsically motivated. How-
ever, further research involving participant surveys will be
neededtoconfirmthis. Intrinsicmotivationshavebeenshown
to increase the quantity of data contributed by citizen scien-
tists (Stewart and Gosain 2006, Nov et al. 2014). Users who
submitted many samples were also more likely to engage
with the website by, for example, writing blogs or complet-
ing online learning. This correlation suggests that those us-
ers that engage with the website are not a different set of us-
ers to those who submit data.
Contrary to other studies regarding citizen science (e.g.,
Devictor et al. 2010, Pocock et al. 2014), we found little ev-
idence to suggest that complex tasks (relative to the range
of tasks within this study) deterred participation. Instead,
higher technical complexity was correlated with higher lev-
els of data generation. Higher levels of complexity in FWW
may allow volunteers to gain a deeper understanding of
freshwater systems, thus, providing intellectual stimulation
over a longer period of time as suggested by several authors
(Cooper et al. 2007, Tweddle et al. 2012). However, simpli-
fying volunteer tasks serves other purposes, such as main-
Table 2. Results of an analysis of factors associated with the number of samples submitted by participants in the FreshWater Watch
project. The model intercept and 6 significant variables are in bold. SE 5 standard error; WQC 5 water quality related to catchment
intensification; WQO 5 observed water quality; WQM 5
Variable Estimate SE t-value Pr(>FtF)
(Intercept) 7.37E–01 1.64E–01 4.495 <0.01
Sampling period 6.14E–04 8.25E–05 7.438 <0.01
Work day 24.22E–01 6.60E–02 26.391 <0.01
Attendees 21.43E–02 5.69E–03 22.518 0.01
Difficulty 5.26E–02 1.65E–02 3.19 <0.01
Communication 3.88E–01 4.19E–02 9.263 <0.01
Learning 9.25E100 3.07E100 3.013 <0.01
Team 29.88E–02 8.05E–02 21.228 0.21983
WQC 3.46E–04 2.19E–02 0.016 0.98739
WQO 23.34E–02 2.26E–02 21.475 0.1405
WQM 2.17E–02 2.21E–02 0.981 0.32676
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taining data quality and potentially exposing volunteers to
fewer health and safety concerns (Iannone et al. 2012, Po-
cock et al. 2014).
The FWW platform is gamified to recognize participant
achievements and promote friendly competition by includ-
ing elements such as leaderboards and points awarded for
science (i.e., sampling), communication (e.g., blogs), and
skills (learning). The effect of gamification upon volunteer
involvement cannot be differentiated from intrinsic or ex-
trinsic motivations in the present study. However, the ex-
pectation that gamification is always positive is unrealistic,
and it may appeal more to particular groups, such as mil-
lennials (Bowser et al. 2013). The effect of gamification on
volunteer engagement is challenging to generalize when
participants react both positively and negatively (Eveleigh
et al. 2013, Massung et al. 2013). Thus, while gamification
is probably 1 in a set of components designed to attract and
sustain participation, further research is required (Greenhill
et al. 2014).
The long tail of participation
We found that a small percentage of volunteers, 1%, con-
tributed 47% of the data. This observation fits with the ‘long
tail ofparticipation’ that isoften foundincitizenscienceproj-
ects and other schemes where people upload data (e.g.,
Figure 4. Response plots of significant associations between covariates and the natural log of the number of samples a participant
contributes: Work day (A), Communication (B), Sampling period (C), Attendees (D), Difficulty (E), and Learning (F). Estimates are
given with 95% confidence intervals. Rug identifies the distribution of data.
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Boakes et al. 2016). A study of participation in the Zooni-
verse crowdsourcing citizen science platform, for example,
found that the top 10% of contributors did 79% of the work
(Sauermann and Franzoni 2015), comparedwith 89% across
FWW.Differences in the tailoccurredacrossdifferentFWW
project locations (e.g., Toronto; Scott and Frost 2017) where
50% of the samples were collected by 5% of participants.
The majority of volunteers trained (80%) did not partic-
ipate in water quality monitoring beyond their training
event. Most citizen science projects do not publish figures
about the amount of data collected. One exception is Evo-
lution MegaLab, where only 38% of >6000 registrations
submitted data (Worthington et al. 2012). Another ex-
ception is the Open Air Laboratory (OPAL) project, where
around 10% of survey packs distributed to volunteers are
returnedwith data (Lakeman-Fraser et al. 2016). Of the par-
ticipants who did submit FWW samples, 508 submitted
only 1 sample (34%), which is comparable to participation in
Galaxy Zoo (crowdsourcing classification of images), where
only 27% of users return to the project after their 1st time
on the site (Sauermann and Franzoni 2015). FWW, there-
fore, does not seem to be exceptional in its low rate of volun-
teer retention when compared to other citizen science ini-
tiatives.
Other projects report higher levels of data submission
than FWW. For example, SoundCitizen, a water sampling
project in Puget Sound, USA, had 60% of samples returned
in the 1st year (Kimball et al. 2009). This difference may re-
flect the recruitment channel, because SoundCitizen in-
vited local members of the public to apply for an online kit,
whereas FWW participants under the HWP were corpo-
rate volunteers that could train as part of their work duties.
Higher rates of return may also be expected if projects have
clear regulatory buy-in and endorsement. For example, the
Angler’s Riverfly Monitoring Initiative engages with >2000
active volunteers thatmonitor biological quality onamonthly
basis, and has an agreement with the Environment Agency
(UK) such that when the monitoring scores are low enough
the cause is investigated by officials (Huddart et al. 2016,
Brooks et al. 2019 this issue).
Implications for project design
MeashamandBarnett (2008) found that if volunteermo-
tivations for participating in environmental volunteering
projects aremet, they aremore likely to stay engaged. Ifmo-
tivations are not fulfilled and volunteers leave, however,
new people need to be recruited and trained to maintain
the quantity of data being submitted, which can be time-
consuming and expensive (West and Pateman 2016). Vol-
unteer participation is highly variable, and our models ex-
plain only a relatively small amount of the variation seen in
our dataset. Still, we propose the following recommenda-
tions in relation to volunteer training and long-term en-
gagement.
Training For citizen science projects that require training
sessions for participants, we recommend the following:
1. Assign participants to teams (e.g., research or moni-
toring) and provide opportunities for them to form a
social network after the training day.
2. Deliver training sessions to groups of ≤10 individuals.
If necessary, break down larger attendances into sub-
groups to encourage peer-to-peer interaction.
3. Ensure training covers different methods of upload-
ing data collected by citizen scientists and give train-
ees an opportunity to practice data entry.
4. Try to balance attendance at training days between
participants with higher and lower levels of intrinsic
motivation. Balance may be achieved by gathering in-
formation during training registration or initial ex-
pressions of interest.
Volunteer involvement To increase the likelihood of
greater quantity of data generated by project participants,
we recommend the following:
1. Make space within the project for social interactions
to occur, as this may increase the sustainability of the
citizen science project, with lower levels of volunteer
drop-out.
2. Include complex tasks (as well as simple) that may
stimulate highly motivated participants and encour-
age them to participate for longer periods of time.
3. Identify which participants are contributing the bulk
of the data and ensure their resource needs are met
and that opportunities exist for higher levels of en-
gagement with the project.
4. Build in opportunities for participants to learn about
the topic through quizzes or other learning resources.
Conclusions
We conclude that factors associated with training and
sampling, both practical and social, significantly affected the
retention of citizen scientists and their contribution to
the FreshWater Watch (FWW) project. We have identified
several practical considerations to any individual or organi-
zation embarkinguponanewproject.Our results transcend
FWW, and emphasize the need for the organizers of citizen
science projects to invest time in identifying which volun-
teers contribute to the effort, how they stay involved with
the project, and why they stay involved. Identifying these
factors will make it possible to engage more effectively with
participants and to lay the foundations for sustainable citi-
zen science that provides both the data necessary for re-
search and fulfillment for its participants. In addition, a
deeper understanding these factors will lead to more cost-
effective recruitment and training, and a better return on
investment.
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